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Abstract 119 
 120 
The extraordinary diversity of Amazonian forests conceals that tree abundance is 121 
strongly skewed towards relatively few ‘hyperdominant’ species. In addition to their 122 
diversity, Amazonian trees are a key component of the global carbon cycle, 123 
assimilating and storing more carbon than any other ecosystem on Earth. Here, wWe 124 
ask, using a unique dataset of 530 forest plots, if the functions of storing and 125 
producing woody carbon are concentrated in a small number of tree species, whether 126 
the most abundant species also dominate carbon cycling, and whether dominant 127 
species are characterized by specific functional traits. We find that dominance of 128 
forest function is even more concentrated in a few species than is dominance of tree 129 
abundance, with only ≈1% of all Amazon tree species responsible for 50% of carbon 130 
storage and productivity. Whilst those species that contribute most to biomass and 131 
productivity are often abundant, species maximum size also has a critical role.  132 
 133 
 134 
Introduction 135 
 136 
Amazonia still represents the largest tropical forest in the world, covering 5.3 million 137 
km2 [1], and accounting for 14 % of carbon fixed by photosynthesis in the terrestrial 138 
biosphere2 and 17 % of the terrestrial vegetation carbon stock3,4.  Amazon forests also 139 
harbour the greatest diversity on the planet, with an estimated 16,000 tree species1. In 140 
spite of this great diversity, a relatively small minority of tree species are extremely 141 
common, with half of all the Amazonian trees accounted for by only 227 142 
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‘hyperdominant’ species, 1.4 % of the estimated total1. Given the great concentration 143 
of diversity, carbon, and metabolic activity in Amazonia, it is important we 144 
understand whether and how the phenomenon of hyperdominance may also influence 145 
the Amazon’s carbon storage and cycling functions. For example, if Amazonia’s 146 
substantial biomass carbon stocks (approx. 100 Pg C in aboveground live trees4) and 147 
biomass production are highly concentrated in few species, they may be less resilient 148 
to environmental change than would be expected given that high species diversity 149 
typically confers high resilience5. Likewise, improved understanding of the nature of 150 
currenthow forest carbon stocks and cycling arend their linkeds to tree 151 
indentityspecies should lead to better informed predictions of forest carbon under 152 
future land-use and climate change scenarios. 153 
 154 
It might be reasonably expected that exceptionally abundant taxa will dominate 155 
ecosystem function and hence strongly influence carbon cycling in Amazonia. 156 
However, the contribution each species makes to biomass stocks and wood 157 
production depends not only on its abundance, but also on the functional properties of 158 
the individual trees of the species. In particular, the size of a tree, its lifespan, growth 159 
rate, and the density of its wood will all determine how much carbon it stores and for 160 
how long. Since the traits of individual trees are at least partially conserved at the 161 
species level (with additional variation determined by the local environment)6,7 the 162 
relative functional contributions of species may substantially vary from one species to 163 
another, independent of their abundance. Thus, some particularly abundant species 164 
may not in fact contribute substantially to biomass dynamics, while other much rarer 165 
taxa may do so. 166 
 167 
The aim of this paper is to explore the concept of hyperdominance with respect to 168 
carbon cycling in Amazonian trees. Specifically, we use a large dataset (Fig. 1) to 169 
answer three questions: 1) are above ground woody biomass (hereafter biomass) and 170 
above ground woody productivity (hereafter productivity) disproportionately driven 171 
by a few taxa?; 2) is the contribution of each species to biomass and productivity 172 
equal to its contribution to stem abundance?; and 3) to what extent do two species-173 
level traits closely related to tree mass (maximum size and wood density) determine 174 
which species dominate stem abundance, biomass and productivity? 175 
 176 
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We find that 1) biomass and productivity are even more concentrated into few species 177 
than is stem abundance; 2) species contributions to biomass and productivity are 178 
significantly related, but not equal to, contributions to stem abundance; and 3) large 179 
species contribute disproportionately more to biomass and productivity. 180 
 181 
Results 182 
 183 
Number of hyperdominant species. Just 182 species, or 5.3 % of the 3458 identified 184 
species in the dataset, were classed as biomass hyperdominants (i.e., those species 185 
that collectively account for 50 % of biomass). Only 18476 species, or 6.41 % of the 186 
28835 identified species in the productivity dataset, were classed as productivity 187 
hyperdominants (Table 1). Rather more species, 283, or 8.2 %, were required to 188 
account for 50 % of stem numbers. The top 20 highest biomass species are given in 189 
Table 2, and the top 20 species by stem abundance and productivity are listed in 190 
Supplementary Tables 1 and 2. The abundance, biomass and productivity of all 191 
species in the dataset are provided as a data package (DOI: 192 
10.5521/FORESTPLOTS.NET/2015_1)in the Supplementary Data 1. 193 
 194 
Characteristics of hyperdominant species. The stem hyperdominant species 195 
contribute considerably to the total biomass and productivity (Table 1), albeit with 196 
considerable scatter (Fig. 2). The relative contribution of a species to the total number 197 
of stems was a good predictor of its contribution to total biomass (F = 12360, df = 198 
3456, p < 0.0001, R2 = 0.78 [F – F-test statistic for predictor significance, df – 199 
degrees of freedom, p – probability of result occurring by chance, R2 – coefficient of 200 
determination]) and productivity (F = 542576, df = 2804795, p < 0.0001, R2 = 0.66) 201 
with all variables on a log scale. Yet, among hyperdominants the individual ranking 202 
of importance in terms of stem abundance is a poor predictor of its functional 203 
contribution - of the top 20 stem hyperdominants, most are absent from the equivalent 204 
top biomass and productivity lists (Table 2, Supplementary Tabless S1, and S2). 205 
Species contributions to abundance were effectively independent both of maximum D 206 
and of wood density because, whilst significant relationships were found, the R2 was 207 
very low (0.07 and 0.03 for maximum D and wood density respectively, 208 
Supplementary Fig. S1). This inference is further supported by the close match 209 
between curves of cumulative % contribution to stem abundance and cumulative % of 210 
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species from high to low trait values (Fig. 3), and by the observation that the species 211 
with highest 50 % of wood density and the largest 50 % of species each contribute 212 
close to 50 % of stems (Table 3).  213 
 214 
Independent of the abundance effect, species contributions to biomass and 215 
productivity were also strongly related to their maximum D (Fig. 4Supplementary 216 
Fig. 2). Thus, large species contributed disproportionately both to biomass and to 217 
productivity, with the largest 50 % of species contributing 82.5 % and 79.85 % of 218 
biomass and productivity respectively (Table 3, Fig. 3.a). As a result, the cumulative 219 
% contribution curves from high to low maximum D for biomass and productivity 220 
were shifted to the left compared to the species and stem curves (Fig. 3.a).  In 221 
addition, after stem abundance was accounted for, maximum D was a highly 222 
significant predictor of species contributions to biomass (F = 6218, df = 1317, p < 223 
0.0001, R2 = 0.83, Supplementary Fig. 4.a2) and productivity (F = 2577408, df = 224 
125449, p < 0.0001, R2 = 0.676, Supplementary Fig. 4.b2). However, after accounting 225 
for stem abundance, wood density had no relationship with species contributions to 226 
productivity (F = 1.87, df = 11864, p = 0.189, R2 = 0.0006, Supplementary Fig. 2Fig. 227 
4.d), with a weak relationship found with species contributions to biomass (F = 74.77, 228 
df = 1301, p < 0.0001, R2 = 0.054, Supplementary Fig. 4.c2). The somewhat higher 229 
contribution to biomass by species with dense wood is shown by the leftward shift in 230 
the cumulative % curve in Fig. 3.b, while the curve for productivity roughly follows 231 
those of species and stems. The 50 % of species with the densest wood make up 64.76 232 
% of biomass, but only 53.62.9 % of productivity. 233 
 234 
Regional patterns. Species classed as hyperdominants across the whole dataset were 235 
typically hyperdominant in just one or two of the five regions (Fig. 54). This 236 
geographic patterning was strongest for biomass and productivity hyperdominants, for 237 
which 82.4 % and 886.09 % of species were dominant in only one or two regions, 238 
compared with 70.7 % for stem hyperdominants. 12.4 % of stem hyperdominants 239 
were not classed as hyperdominants in any region, compared with 4.9 % and 12.18 % 240 
of biomass and productivity hyperdominants respectively. Within regions, typically a 241 
higher percentage of species were classed as hyperdominants in all categories (Table 242 
1), compared with the Amazon-wide analysis. The relationships between stem 243 
contributions and biomass and productivity contributions followed similar patterns to 244 
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the Amazon-wide analysis, as did the patterns with maximum D and wood density 245 
(Fig. 6,7, see Appendix 2Supplementary Fig. S2-S7). However, the explanatory 246 
power of the statistics was typically lower for the analyses based on regional datasets, 247 
with lower R2 values for the regressions (Fig 6, 7, Supplementary Fig, S5-S7). In 248 
general, the analyses had more explanatory power in the Guiana Shield, East-Central 249 
and Southw Western regions than the Brazilian Shield and Northw Western regions.  250 
 251 
Discussion 252 
 253 
We find that ‘hyperdominance’ (the phenomenon of disproportionate influence of a 254 
small fraction of species) is remarkably strong for the vital forest functions of carbon 255 
storage and woody productivity, with 182 biomass and 176 productivity 256 
hyperdominant species, compared to 283 for stem abundance (Table 1). As expected, 257 
abundant species do contribute greatly to forest biomass stocks and productivity, with 258 
78 % of variation in species contributions to biomass and 66 % of variation in species 259 
contributions to productivity explained by species’ relative stem abundance (Fig. 2, 260 
all variables on a log scale). However, the contribution of a species to stem abundance 261 
differs substantially from its contribution to the measured ecosystem functions. For 262 
instance, only five species are top 20 contributors to each of stem abundance, biomass 263 
and productivity (Table 2, Supplementary Tables S1 and S2), and approximately one 264 
third of the biomass and productivity hyperdominant species do not even register as 265 
stem hyperdominants, despite the stem hyperdominant list containing many more 266 
species. The clearest example of a mismatch between abundance and biomass 267 
contribution is the species Dinizia excelsa (Ducke). Despite being ranked in position 268 
93140 in terms of stem abundance (with just 31 stems), D. excelsa ranks 243thrd by 269 
biomass, contributing 0.45 % of the total. The mismatch is due to the species’ traits; 270 
extreme maximum size (165 cm D) and wood density (0.94 g cm-3) together explain 271 
why D. excelsa can contribute so much biomass with so few stems. 272 
 273 
We find 283 stem hyperdominant species in the RAINFOR dataset, more than the 227 274 
found by ter Steege et al.1. Two likely reasons for this are, firstly, that our analysis 275 
concentrates on well-drained upland forests typical of Amazonia, while the ter Steege 276 
et al. analysis also included the seasonally flooded and swamp forest types that are 277 
typically much less diverse8, and secondly, we did not attempt to account for the 278 
Formatted: Font color: Auto
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spatial distribution of our plots across Amazonia (Fig. 1). Hence, the precise lists of 279 
species cannot be taken as a robust estimate of the most dominant species in 280 
Amazonia, but rather the species that dominate within our dataset. However, this does 281 
not affect the suitability of the data for our aims of assessing the relationship between 282 
species abundance and contribution to forest function, which is only possible with a 283 
widespread plot network with careful botanical identifications and monitored through 284 
time. Using the ter Steege et al.1 estimated number of stem hyperdominant species, 285 
and assuming that the ratio of stem:biomass and stem:productivity hyperdominants 286 
we find is representative of Amazonia, we can estimate that there would be 147 287 
biomass and 167 productivity hyperdominant species across Amazonia. Considering 288 
the estimated 16,000 tree species in the Amazon1, this implies that half of the carbon 289 
stock and half of the woody productivity are controlled by just ≈1 % of species 290 
respectively. 291 
 292 
We find that for all categories, hyperdominant species are most commonly only 293 
dominant in a single Amazon region (Fig. 54). However, stem hyperdominants were 294 
more evenly spread across regions than biomass and productivity hyperdominants. In 295 
particular, many more stem hyperdominant species (29.3 %) than biomass (17.6 %) 296 
and productivity (12.03.1 %) hyperdominant species were dominant in three or more 297 
regions, or not dominant in any. The data therefore suggest that environmental 298 
conditions act as much stronger constraints on the ability of a species to dominate a 299 
community’s metabolism than simply to persist in it. 300 
 301 
Given the significance of the Amazon forest for the global carbon cycle, an 302 
understanding of the nature of dominant species and their potential sensitivity to 303 
future climate and anthropogenic disturbance is needed. We find that, after stem 304 
abundance of species is accounted for, maximum size is an excellent predictor of 305 
species contribution to biomass and productivity (Supplementary Fig. 42), whilst 306 
maximum size was not a good predictor of species relative abundances (Fig. 3, 307 
Supplementary Fig. S1). One might expect that small-sized species would be 308 
disproportionately abundant compared to large species (e.g., a negative slope in 309 
Supplementary Fig. S1) because forests are composed overwhelmingly of small 310 
stems. However, our results show this is not so. Species with small maximum size do 311 
not contribute disproportionately to total stem abundance, simply many species are 312 
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small and most Amazonian tree diversity is focused in understory and sub-canopy 313 
taxa. In contrast, the species with the potential to grow to large sizes contribute 314 
disproportionately to biomass and productivity, with the greatest skew in the case of 315 
biomass. Large volume trees tend to have greater mass, and their height and greater 316 
leaf area also allow greater access to light and, apparently, the potential for high ever-317 
greater rates of carbon fixation and biomass growth9. 318 
 319 
We find little evidence to support wood density being an important correlate of 320 
abundance among Amazon species (Fig. 3, Supplementary Fig. S1), consistent with 321 
the findings of ter Steege et al.1. Whilst the relationship between wood density and 322 
the contribution to stem abundance was marginally significant, it had very low 323 
explanatory power. Similarly, there was a marginally significant but very weak 324 
association between species contribution to biomass and wood density, and no 325 
relationship with contribution to productivity (Fig. 3, Supplementary Fig. 2 4). The 326 
lack of a relationship with productivity is consistent with observations at the 327 
individual level10.  328 
 329 
Just two variables, species relative abundance and species maximum size, account for 330 
96 % of the variation in species contributions to the total biomass stock in the dataset 331 
(with all variables on a log scale). Whilst the variation explained by these two 332 
variables for species contributions to productivity was also very high (87 %), 333 
additional plant traits such as those related to resource acquisition and the leaf 334 
economics spectrum11, for example maximum photosynthetic rate, presumably also 335 
play some role. When analysed on a regional basis, abundance and maximum size 336 
were better predictors of species contributions to biomass and productivity in the 337 
Guiana Shield, East-Central and Southw Western Amazon regions than the Brazilian 338 
Shield and Northwh Western regions (Supplementary Fig. S6, S7). This may be due 339 
to lower sample sizes in the Brazilian Shield and Northw Western regions, or due to 340 
real differences in forest physiology. 341 
 342 
Whilst the significance of individual large trees for forest biomass is not necessarily 343 
surprising and has been documented before12-145, we here establish this relation at the 344 
species level, across the Amazon terra firme forests and, crucially, extend it to 345 
productivity. Large trees also perform other important ecological roles in forests, yet 346 
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face a myriad of threats156 such as harvesting, forest fragmentation167 and climate 347 
change178-201. With one third of the forest biomass stock stored by the largest 10 % of 348 
species, understanding the sensitivity to environmental change of these taxa is clearly 349 
important. Moreover, the concentration of function into a relatively small number of 350 
taxa does potentially help simplify attempts at modeling the current ecophysiology of 351 
Amazon forests. Data on the functional traits of key hyperdominant species could be 352 
used to inform next generation trait-based dynamic vegetation models212,223. However, 353 
there are clearly complications due to regional differences between dominating 354 
species.  355 
 356 
More broadly, while a small fraction of Amazon tree species contribute 357 
disproportionately to carbon storage and cycling, and remarkably so, this does not 358 
necessarily indicate that high diversity levels are immaterial for ecosystem function. 359 
For instance, our analysis represents a snap-shot of recent Amazon diversity and 360 
function for current climate, while under future conditions a different suite of species 361 
may dominate. Rare species are thought to possess uncommon combinations of 362 
functional traits234 and therefore may be important for the full spectrum of responses 363 
to altered conditions. Tropical forest species composition is known to be dynamic and 364 
potentially responsive to environmental changes245-278, but for this to be possible the 365 
future dominant species which may flourish under new conditions must be present in 366 
the species pool. Thus, the very strong concentration of function into relatively few 367 
taxa today does not mean that high species-richness is irrelevant for the long-term 368 
survival and health of tropical forests, since biodiversity may act as an insurance 369 
against environmental variation. 370 
 371 
In summary, we find that carbon in the world’s most extensive and diverse tropical 372 
forest is concentrated into remarkably few species. Whilst the most abundant species 373 
contribute significantly to this phenomenon, other properties also govern which taxa 374 
are important for biomass dynamics. Notably the maximum potential size of Amazon 375 
tree species is a key predictor of their capacity to store and gain carbon. Functional 376 
hyperdominance also has a strong geographical signal. Thus, most species that 377 
contribute strongly to carbon cycling only do so within one region within Amazonia. 378 
 379 
 380 
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Methods 381 
 382 
Datasets. We compiled a dataset of 530 sample plots located in the Amazon region 383 
(Fig. 1; Supplementary Data 2) complied in the RAINFOR dataset289,2930 and curated 384 
at ForestPlots.net301. This dataset iis includes a number of plot networks including 385 
TEAM (Tropical Ecology Assessment and Monitoring), PPBio (Brazilian Program 386 
for Biodiversity Research) and the Alwyn H. Gentry Forest Transect Dataset. Many 387 
of the plots are also included in the Amazon Tree Diversity Network (ATDN) used by 388 
ter Steege et al.1. We restricted the analysis to sites below 500 m a.s.l., in old growth 389 
forests (excluding any successional, burnt or logged), occurring on terra firme 390 
substrate (excluding swamp and seasonally flooded forests) and excluding cerrado. 391 
This allowed us to minimize the possible influence of rare species restricted to rarer 392 
and poorly-sampled forest types and to ensure that we restricted our questions to the 393 
dominant Amazon formations growing on unflooded terrain. The dataset consists of 394 
repeated measurements of tree diameter (D; diameter at 1.3 m or above buttresses) 395 
and species identity of all trees ≥ 10 cm D, following a standard protocol312. The 396 
mean plot size was 0.69 ha (range 0.04 – 25.0 ha). All recorded species names were 397 
checked against the Tropicos database using the Taxonomic Name Resolution Service 398 
(TNRS v3.2323) and corrected as necessary. Morphospecies were considered to be 399 
unidentified. Wood density values were taken from the Global Wood Density 400 
Database334,345. The 530 plot dataset contained 206,135 trees from 3,4568 species, 401 
consisting of 114,696 Mg of biomass. For productivity analysis, we used a subset of 402 
2213 multiple census plots with at least 2 years between the initial and final censuses, 403 
in total accounting for 1,23159 Mg biomass yr-1 of above-ground woody productivity. 404 
Finally, all analyses were repeated on a dataset restricted to 326 plots (14850 plots for 405 
productivity) where at least 80 % of stems within the plot were identified to species, 406 
in order to test whether the level of identification in the dataset influenced results (see 407 
Appendix 1Supplementary Fig. S8-S11 and Supplementary Tables S4-S8 for results 408 
based on this dataset). 409 
 410 
Data Analysis. We treated our data as a sample of the terra firme forests of Amazonia 411 
and analysed the dataset as a whole, rather than at the plot level. Stem abundance and 412 
biomass of each species were calculated using the first census of each plot (across all 413 
plots 79.0 % of all stems were identified to species). Species-level stem abundance 414 
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was calculated as the total number of stems of a species. Species-level biomass was 415 
calculated as the sum of biomass of all stems of a species. Stem-level biomass was 416 
calculated using the moist forest biomass equation based on diameter, wood density 417 
and height from Chave et al.356, with height based on the region-specific Weibull 418 
equations from Feldpausch et al.367.  For monocots (families Arecaceae and 419 
Strelitziaceae) an Arecaceae-specific equation was used to estimate biomass from 420 
diameter only378. 421 
 422 
For productivity we used the 2213 multi-census plot dataset (‘productivity dataset’) 423 
and only the stems alive in the first census of each plot (for consistency with the stem 424 
abundance and biomass analyses). Mean stem-level productivity (Pstem) was 425 
calculated as the mean annual productivity of each stem across all census intervals for 426 
which it was present.  427 
 428 
                                                   𝑃 = ∑ 𝑃                                                     (1) 429 
 430 
where NC is the number of censuses for which an individual stem is alive for, Pi is the 431 
productivity of a stem in census interval i. We include the productivity of stems in the 432 
census interval in which they recruited, assuming a D of 10 cm at the beginning of the 433 
census interval. In cases where the point of measurement (POM) was changed 434 
between censuses, we used the diameter at a standardized POM to avoid artifacts 435 
associated with disjoint diameter sequences389. To estimate productivity of a species 436 
across all plots (Pspecies), we summed the productivity of each stem of that species. See 437 
Talbot et al.3940 for a discussion of the estimation of productivity; the methods used 438 
here are the equivalent of R2 (for recruits) and G2 (for POM changes) in Talbot et 439 
al.3940.  In cases where individuals subsequently died in the second plot census, it was 440 
not possible to estimate productivity for these stems. In some cases, this was true of 441 
all stems of a species (2.27 % of species). Hence the species contributions to 442 
productivity are based on a slightly smaller number of trees than contributions to stem 443 
abundance and biomass.; Wwe assume that the mortality is evenly spread between 444 
species and therefore that species relative contributions to total stems, biomass and 445 
productivity should not be affected.  446 
 447 
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For monocot stems, which lack radial growth, we used an alternative method to 448 
estimated productivity as repeated height measurements were not available. Biomass 449 
for palms can be reasonably estimated using diameter measurements, with few 450 
species specific biases37. Therefore we used an alternative method by estimating 451 
necromass production. This method requires an adequate sample of stems so we 452 
limited the analysis to the monocot species classed as stem hyperdominants and hence 453 
productivity of rare palms was not estimated. We assumed that the populations of 454 
each palm species are in approximate equilibrium, such that the long-term stem 455 
biomass mortality rates equal long- term stem biomass production rates. We derived 456 
the stem necromass production rates for each palm tree that died, based on its 457 
standing biomass (using the allometric model from Goodman et al. 201337) estimated 458 
from its last recorded D, allocated equally over the time period from the initial plot 459 
census date to the census date in which it died. As the dicot productivity estimates do 460 
not include the 10 cm D inner cylinder of the stem, for equivalence the biomass prior 461 
to death used in the calculation was reduced by the biomass estimate of a 10 cm D 462 
palm. Hence, 463 
 464 
                                          Pstem = (Bfinal – B10cm) / (Cdead - C1)                                    (2) 465 
 466 
where Bfinal is the biomass estimated using last D measured for the stem, B10cm is the 467 
biomass of a 10 cm palm, C1 is the initial census date and Cdead is the census date in 468 
which the palm was recorded as dead. Palm species productivity was then calculated 469 
as the sum of Pstem across all dead trees of the species. necromass production, 470 
assuming this is in equilibrium with productivity (see Supplementary Methods for 471 
further details). 472 
 473 
Trees not identified to species level were used only to determine the denominator for 474 
the relative contribution of each identified species to the total dataset. Species-level 475 
stem abundance and biomass relative contributions were calculated twice, once using 476 
the full 530 plot dataset, and once using the 2213 plot productivity dataset for use in 477 
further analyses comparing between measures. 478 
 479 
To address the first question ‘are biomass and productivity also dominated by few 480 
taxa?’ we determined the minimum number of species required to account for 50 % of 481 
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total stems, biomass or productivity in our plots. For simplicity, we term the species 482 
contributing 50 % of stems ‘stem hyperdominants’, the species contributing 50 % of 483 
biomass ‘biomass hyperdominants’ and the species contributing 50 % of productivity 484 
‘productivity hyperdominants’.  485 
 486 
To address the second question ‘is the contribution of each species to biomass and 487 
productivity equal to its contribution to stem abundance?’ we calculated the 488 
contribution of the stem hyperdominants to the total biomass and productivity of the 489 
dataset. For biomass this was based on the full dataset, whereas for productivity this 490 
was based on the productivity dataset, with stem hyperdominant species also defined 491 
using the productivity dataset to ensure consistency between the species measures. 492 
Further, we regressed the percentage contribution of each species to biomass and 493 
productivity against their percentage contribution to stems. The regressions were 494 
performed using the full dataset for biomass, and the productivity dataset for 495 
productivity. Data were not normally distributed and therefore were log-transformed 496 
prior to analysis.  497 
 498 
To address the third question ‘to what extent do maximum diameter and wood density 499 
determine which species dominate stem abundance, biomass and productivity?’ we 500 
first calculated maximum D as the 95th percentile value for each species with at least 501 
20 individuals included in the full 530 plot dataset (and from any census, in total 1319 502 
species). Only the maximum of all diameter measures of an individual stem was used 503 
in the estimation of species maximum D. We then ordered the dataset from highest to 504 
lowest trait value (maximum D or wood density) and plotted the cumulative 505 
percentage of species, stems, biomass and productivity against the trait value, and 506 
determined the contribution of the largest and highest wood density species to the 507 
different measures. Only the 1303 species for which a species-specific wood density 508 
was available were included in the wood density analysis. In addition, we regressed 509 
the residuals from the linear model predicting percentage contribution to biomass or 510 
to productivity from percentage contribution to stems (see above) against trait value 511 
to examine the relationships with trait values when abundance is accounted for. These 512 
analyses were performed on the full dataset for biomass and the reduced dataset for 513 
productivity. To test for a relationship between species contribution to stem 514 
abundance and trait values, we regressed trait values against percentage contribution 515 
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to stem abundance. Maximum D and wood density values were only available for 516 
approximately one third of species in the dataset, with rare species typically being 517 
those without a value. Whilst this exclusion of many rare species in this analysis 518 
could introduce unknown biases to the results, it also excludes additional noise in the 519 
dataset from including species that have not been adequately sampled.  520 
 521 
Regional analysis. To investigate if the patterns found within the whole dataset were 522 
consistent within different Amazon regions and to find out how the hyperdominant 523 
species are spread between regions, we repeated all analyses at the regional level. We 524 
used the Feldpausch et al.367 region delimitation based on substrate maximum 525 
geological age that was also used for height allometry (Guiana Sheield, Brazilian 526 
Shield, East-Central and Western Amazonia), but further split the Western Amazon 527 
region at -8° latitude into Northw Western Amazon and Southw Western Amazon, 528 
following a similar delimitation by ter Steege et al.1 that separates the mostly 529 
aseasonal north from the more seasonal south. Species required to reach 50 % of a 530 
regions stems/biomass/productivity were considered regional hyperdominants. 531 
 532 
Unidentified stems. Stems in the dataset that were not identified to species-level 533 
were treated slightly differently. In hyperdominance calculations, these stems were 534 
used only to determine the denominator (total stems, biomass and productivity in the 535 
dataset) in the estimation of known species contributions. In order to estimate their 536 
biomass and productivity, a wood density value is required. Wood density values for 537 
such stems were applied at the genus- or family-level, if known. For stems with no 538 
family-level identification, or where no wood density value was available for the 539 
species, genus or family, we applied the plot mean wood density value. Unidentified 540 
stems were excluded from further analyses. Because we include unidentified stems in 541 
hyperdominance calculations, the percentage of species necessary to account for 50 % 542 
of total stems/biomass/productivity will be a slightly over-estimated as the exact total 543 
number of species in the dataset is unknown due to incomplete botanical 544 
identifications. 545 
 546 
 547 
All analyses were carried out in R version 2.15.1401.  548 
 549 
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Figure Legends 709 
 710 
Figure 1. Map of plot locations. Open circles – single census plots used for biomass 711 
and stem number analyses, closed circles – multi-census plots used for biomass, 712 
productivity and stem number analyses. Black lines – Amazon regional boundaries 713 
from Feldpausch et al.36 with additional north-south separation of the western 714 
Amazon; NW – north western, GS – Guiana shield, EC – east central, BS – Brazilian 715 
shield, SW – south western. Grey - unflooded closed canopy forest below 500 masl 716 
reclassified from GLC2000 data41. 717 
 718 
Figure 2. Relationships between species contributions to stem abundance and 719 
contributions to biomass and productivity. % contribution of species to total stem 720 
abundance with % contribution to (a) total above ground biomass and (b) total above 721 
ground woody productivity. Regression models are plotted with grey lines. 722 
Regression equation for % contribution to biomass: log(% biomass) = 0.22 + 1.18 723 
log(% stem), regression equation for productivity: log(% productivity) = 0.003 + 1.12 724 
log(% stem). All 530 plots are used for (a), and the reduced productivity dataset of 725 
221 plots is used for (b). 77 species with negative or 0 productivity were excluded 726 
from (b). Plotted on log scale. 727 
 728 
Figure 3. Cumulative % contribution to species, stems, biomass and productivity 729 
ordered by maximum D and wood density. (a) maximum D (n = 1256), (b) wood 730 
density (n = 1188). Horizontal dashed black lines represent the mid-point of all 731 
metrics, vertical dashed lines show the trait value at the mid-point of each metric. All 732 
curves are based on the reduced productivity dataset, curves for biomass and stems 733 
are very similar when using the full dataset (data not shown). 734 
 735 
Figure 4. Patterns between plant traits and contributions to biomass and productivity 736 
after accounting for abundance. Relationship between the residuals from ln(% 737 
contribution to biomass) = a + b * ln(% contribution to stem number) and (a) 738 
maximum D and (c) wood density, relationships between the residuals from ln(% 739 
contribution to productivity) = a + b * ln(% contribution to stem number) and (b) 740 
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maximum D, and (d) wood density. Regression models are plotted with grey lines. 741 
Maximum diameter and wood density plotted on a log scale. 742 
 743 
Figure 5. Percentage of Amazon-wide hyperdominant species that are also dominant 744 
within regions. (a) stem hyperdominants (n = 283), (b) biomass hyperdominants (n = 745 
182), (c) productivity hyperdominants (n = 184). 746 
 747 
Figure 6.  Relationships between % contribution of species to stems and % 748 
contribution to biomass in five different Amazon regions. (a) Northwestern 749 
Amazonia, (b) East-central Amazonia, (c) Guiana shield, (d) Southwestern Amazonia, 750 
(e) Brazilian shield. Regression models are plotted with grey lines. Plotted on log 751 
scale. 752 
 753 
Figure 7.  Relationships between % contribution of species to stems and % 754 
contribution to productivity in five different Amazon regions. (a) Northwestern 755 
Amazonia, (b) East-central Amazonia, (c) Guiana shield, (d) Southwestern Amazonia, 756 
(e) Brazilian shield. Regression models are plotted with grey lines. Plotted on log 757 
scale. 758 
 759 
 760 
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Figures 762 
 763 
 764 
Fig 1. Map of plot locations. Open circles – single census plots used for biomass and 765 
stem number analyses, closed circles – multi-census plots used for biomass, 766 
productivity and stem number analyses. Black lines – Amazon regional boundaries 767 
from Feldpausch et al.37 with additional north-south separation of the western 768 
Amazon; NW – north western, GS – Guiana shield, EC – east central, BS – Brazilian 769 
shield, SW – south western. Grey - unflooded closed canopy forest below 500 masl 770 
reclassified from GLC2000 data42. 771 
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 773 
Fig. 2. Relationships between % contribution of species to stems with % contribution 774 
to (a) above ground biomass and (b) above ground woody productivity. Regression 775 
models are plotted with grey lines. Regression equation for % contribution to 776 
biomass: log(% biomass) = 0.22 + 1.18 log(% stem), regression equation for 777 
productivity: log(% productivity) = 0.01 + 1.1 log(% stem). All 530 plots are used for 778 
(a), and the reduced productivity dataset of 223 plots is used for (b). 88 species with 779 
negative or 0 productivity were excluded from (b). Plotted on log scale. 780 
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 782 
Fig. 3. Cumulative % contribution to species, stems, biomass and productivity against 783 
(a) maximum D (n = 1254) and (b) wood density (n = 1186). Horizontal dashed black 784 
lines represent the mid-point of all metrics, vertical dashed lines show the trait value 785 
at the mid-point of each metric. All curves are based on the reduced productivity 786 
dataset, curves for biomass and stems are very similar when using the full dataset 787 
(data not shown). 788 
 789 
 790 
Fig. 4. Percentage of Amazon-wide hyperdominant species that are also dominant 791 
within regions. (a) stem hyperdominants (n = 283), (b) biomass hyperdominants (n = 792 
182), (c) productivity hyperdominants (n = 176).  793 
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Tables 794 
Table 1. Hyperdominance of stem numbersabundance and carbon cycling in the 795 
Amazon, above ground biomass and above ground woody productivity in the 796 
whole Amazon-wide dataset, and split by region. Table shows the number and 797 
percentage of species that contribute 50 % of each attribute. 798 
 Full Dataset Productivity Dataset 
 No. Hyperdominants (%)   No. Hyperdominants (%) 
Plots Species Stems  Biomass Plots Species Stems  Biomass Productivitya 
Amazon-wide 530 3458 283 (8.2) 182 (5.3) 223  296656 25046 
(8.43) 
16058 
(5.43) 
18476 
(6.46.1) 
Northw 
Western 
123 1632 199 (12.2) 170 (10.4) 33 1412 162 (11.5) 138 (9.8) 115 (8.4) 
Southw 
Western 
169 1330 60 (4.5) 64 (4.8) 59 11858 6259 
(5.20) 
62 58 
(5.24.9) 
656 (5.84.9) 
Guiana Shield 116 1262 131 (10.4) 62 (4.9) 49 748 92 (12.3) 36 (4.8) 52 (7.1) 
East-Central 69 1386 157 (11.3) 101 (7.3) 56 1317 152 (11.5) 96 (7.3) 117 (9.1) 
Brazilian Shield 53 890 82 (9.2) 55 (6.2) 26 698 39 (5.6) 23 (3.3) 3027 (4.54.0) 
Number and percentage of species that contribute 50 % of stem numbers, 799 
aboveground biomass and aboveground productivity for the whole dataset and 800 
split by region.  801 
a If a tree dies before the second census, it will contribute to biomass and stems 802 
but will not have a productivity value, hence the percentage value is calculated 803 
from a slightly smaller total number of species (2883). 804 
  805 
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Table 2. Top 20 most dominant species by above ground woody biomass., their 806 
contributions to biomass (Mg dry mass), and their ranks in terms of stem 807 
abundance and productivity.  808 
Family Species Biomass 
(Mg) 
% Total 
Biomass 
Cumulative % 
Biomass 
Rank by Stem 
Abundances 
Rank by 
Productivitya 
Fabaceae Eperua falcata 2217 1.93 1.93 8 811 
Lecythidaceae Eschweilera coriacea 2142 1.87 3.80 2 2 
Lecythidaceae Bertholletia excelsa 1498 1.31 5.11 243 46 
Vochysiaceae Qualea rosea 1452 1.27 6.37 30 889 
Lauraceae Chlorocardium rodiei 1340 1.17 7.54 71 135 
Fabaceae Vouacapoua americana 1340 1.17 8.71 27 58 
Goupiaceae Goupia glabra 1299 1.13 9.84 61 107 
Burseraceae Tetragastris altissima 908 0.79 10.64 10 69 
Fabaceae Dicorynia guianensis 898 0.78 11.42 56 168 
Arecaceae Iriartea deltoidea 847 0.74 12.16 1 1 
Moraceae Pseudolmedia laevis 819 0.71 12.87 4 3 
Lecythidaceae Eschweilera sagotiana 784 0.68 13.55 22 624 
Sapotaceae Pradosia cochlearia 736 0.64 14.19 176 2756 
Chrysobalanaceae Licania alba 724 0.63 14.83 17 90 
Caryocaraceae Caryocar glabrum 689 0.60 15.43 149 50 
Apocynaceae Aspidosperma excelsum 648 0.57 15.99 74 146 
Sapotaceae Pouteria guianensis 625 0.54 16.54 55 534 
Fabaceae Swartzia polyphylla 624 0.54 17.08 203 1921 
Fabaceae Dicymbe altsonii 623 0.54 17.62 233 912 
Olacaceae Minquartia guianensis 623 0.54 18.17 29 24 
a Productivity ranks are based on the 2213 plot productivity dataset. 809 
  810 
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Table 3. Contributions to total stems, biomass and productivity from largest and 811 
most densely wooded 50 % of species. 812 
 % contribution 
by largest 50 % 
of species  
Maximum Da 
at 50 % of 
metric (cm) 
% contribution by 
50 % most densely 
wooded species 
Wood densityb 
at 50 % of 
metric (g cm-3) 
Stems 50.56 38.5 49.74 0.64 
Biomass 82.5 54.57 64.76 0.72 
Productivity 79.85 53.04 53.62.9 0.66 
a Median maximum diameter across all species: 38.0 cm 813 
b Median wood density across all species: 0.64 g cm-3 814 
